The objective of this papere is to contribute to a planning policy in the innovation value chain in the perspective of the technology development process -TDP. Therefore, a multi-model reference proposal was created based on the definition of high complexity spectrum strategies, which considers a sequence of systematic procedures in the following phases: Phase (i) determine the information needs, phase (ii) determine the actors' knowledge in the innovation value chain, phase (iii) determine the degree of knowledge evaluation, and phase (iv) determine the strategies in innovation value chain in the technologies development process. The study shows thes application of this process in high tech based companies in Brazil. Several support tools were used to formulate the modeling in order to reduce subjectivity in the results: psychometric scaling -Thurstone's Law of Categorical Judgments (LCJ), Multicriteria Analysis-Compromise Programming, Electre III and Promethee II, Artificial Neural Networks (ANN) and Neurofuzzy Technology. The mains results obtained demonstrated that…….
ii.
II. THE METHOD The current proposal to build up a methodological support applied to the innovation value chain management happens within the following proceedings: Step 1: Determination of CSF. This phase is focused on determining the CSF, and is itself structured in two stages:
Identification of CSF and (B) evaluation of CSF. (A) Identification:
The identification of CSF is based on the combination of various methods (Liedecker and Bruno,1984) : (a) environmental analysis (external variable: political, economical, legislation, technology and among others.); (b) analysis of the industry structure (users' needs, the evolution of the demand, users' satisfaction level, their preferences and needs; technological innovations); (c) meeting with specialists and decision makers; and (d) the study of literature. The result has allowed defining four groups that represent the CSF:Market factor; Governmental Public Policies factor; Economical and Financial factor; and Technical factor. the ones externally and internally originated. The information from external origins has as a main goal to detect, beforehand, the long-term opportunities for the project. The internal information is important to establish the strategies, but it has to be of a broader scope than that used for operational management, because besides allowing the evaluation of the performance it also identifies its strengths and weaknesses. Following from this, the proceedings for the acquisition of theoretical background and concepts are dealt with.
Such proceedings begin with the areas of information, one by one, where the concept and the theory on which is based the performance of the actions (articulations) developed in those areas that allow to guarantee the feasibility of the projects on innovation value chain management are identified. In other words, which knowledge and theory are required to be known in order to ensure the success of projects on innovation value chain management in that area. Then, the analysis of surveys in public and private institutions about the job market for these institutions takes place bearing in mind the demands of similar areas studied in this work. As for the offer, we intend to search for the level of knowledge required by the companies and other organizations in those areas, as well as what concerns technical improvement (means) for the professionals. This stage determines the concept of knowledge to be taken into account on the development of this work. So, for the operational goals of this work, we have adopted them as the "contextual information" and the theoretical framework and concepts. After being identified and acquired, the knowledge is evaluated, with the aid of the Method of Categorical Judgments of [25] and artificial neural network (ANN).
Evaluation for the method Categorical Judgments' Laws (1)
The achievement method of the research results with the specialists of innovation value chain, who revealed their preferences for pairs of stimulation (in the case, the objects of knowledge, and these submitted the ordinal categories C1 = 5º place, C2 = 3º place and C3 = 4º place). The evaluation of objects of knowledge (LJC) happened in three stages: In the stage (1), one determined the frequencies for pairs of stimulations, where Oi is equivalent to objects of knowledge and Oj the specialists. The data had been extracted from the preferences of the specialists in relation to objects of knowledge, attributing weights to the cognitive elements. After that (stage 2), the preferences of the specialists are determined in relation to the stimulations (knowledge). The results were obtained by means of the ordinal frequencies from the results of the previous stage. Finally (stage 3), the accumulated relative frequencies were calculated first. The results obtained here reflect the probabilities of preferences intensity of the specialists in relation to the stimulations (knowledge). The result of the preferences, then, is presented in an upward order of importance. In order to demonstrate the application of the methodological proposal, the results of the objects of knowledge on the "Market Area " were dealt (Table 1) . 
Evaluation of Knowledge's Objects using the artificial neural network (ANN) (2)
The artificial neural network (ANN) is understood to simulate the behavior of the human brain through a number of interconnected neurons. The ANN has the capacity to recognize and to classify standards by means of processes of learning and training. The training of the net is the phase most important for the success of the applications in neural network. The topology of the net can better be determined of subjective form, from a principle that consists of adopting the lesser intermediate number of possible layer and neurons, without compromising the precision. Thus, in this application, the layer of the entrance data possess 15 neurons corresponding the 15 variable referring to objects of knowledge. The intermediate layer possesses 7 neurons, and the exit layer possesses 1 corresponding neuron in a scale value determined for the ANN. The process of learning supervised based in the Back propagation algorithm applying software Easy NN determines the weights between the layers of entrance and intermediate, and between the intermediate and exit automatically.
The training process was finished when the weights between the connections had allowed minimizing the error of learning. For this, it was necessary to identify which configuration that would present the best resulted varying the taxes of learning and moment. After diverse configurations to have been tested, the net of that presented better resulted with tax of an equal learning 0,30 and equal moment 0,80. The data had been divided in two groups, where to each period of training one third of the data is used for training of net and the remain is applied for verification of the results.
After some topologies of net, and parameters got the network that better resulted had presented. The net was trained for attainment of two results' group for comparison of the best-determined scale for the networks. In the first test the total of the judgment of the agents was adopted, however only in as test was gotten better scales, next of represented for method of the categorical judgments. With this, the last stage of the modeling in ANN consisted of testing the data of sequential entrance or random form, this process presented resulted more satisfactory. The reached results had revealed satisfactory, emphasizing the subjective importance of scale's methods to treat questions that involve high degree of subjectivity and complexity. How much to the topologies of used networks, the results gotten of some configurations of the ANN and compared with the CJT, were observed that ANN 1, is the one that better if approached to the classification gotten for the CJT. Thus, even other topologies do not Tenaha been the best ones, it had been come however close in some objects of knowledge of the CJT. The results can be observed in Figure 1 Priority of Knowledge's Objects -ANN and CJT The prioritized objects for the tool proposals were for innovation value chain management knowledge. Artificial Neural Networks (ANN), as well as Psychometric (CJT), was restricted only to the specialists' decisions in projects of raised subjectivity and complexity, needing other elements that consider the learning of new knowledge. However, it is interesting to highlight that the CJT method, as it considers a variable involving a high degree of subjective and complexity and because it works with probabilities in the intensity of preferences, considers the learning of new elements of knowledge. Thus, it can be said that for typology of application, as presented here, it is sufficiently indicated. producing an output variable (OV), called the intermediate variable (IVa), if it does not correspond to the last IB in the network. This IV, then joins another IV, forming a set of new IVs, hence configurating a sequence in the last network. In the last layer, also composed of IV, it produces the output variable (OV) of the final NNA. This OV then undergoes the defuzzification process so that the final result is obtained in the DDKE analysis. The NNA architecture should be applied according to the number of specialists. These steps are detailed below.
Sub-step 1: defining the input variables
The structure of the method helps to extract the experts' perceptions about the minimum knowledge required (DDKE) for the performance of activities and actions in AI (application object). The IVs that interfere in the process, as previously referenced, are identified and evaluated in the previous phase with the intervention of the experts. A representative sample of experts is recommended. These IVs, which are: knowledge transformed into linguistic variables, with their respective degrees of certainty or conviction (GDC), depending on the interaction between the experts, based on fuzzy 1 sets and on the IF-THEN rules. This phase is called fuzzification, since it uses the fuzzy sets for such conversions. The GDCs are defined subjectively, based more on pragmatism than on statistics. The variables are qualitative and the linguistic terms are assigned to each IV: High, Medium and Low. Each IV must be characterized and should have defined numerical or linguistic values. And the lack of measures for the qualitative IVs can be accommodated by converting the observation fields into linguistic variables, by assigning, according to the experts' perception of evaluation degrees, a 1 to 10 scale, using an instrument (Form or Questionnaire). The IV undergoes the fuzzification process, according to the numerical scores that reflect the experts' feelings. Thus, the generic fuzzy sets should be defined for all qualitative IVs, which always have three levels of linguistic terms: a lower, middle and superior level. The construction of these fuzzy sets is based on the experts' representative sample, who assign linguistic terms to all the scores of the 1 to 10 scale, within a generic context. In short, the input variable is used, whose linguistic terms are: High, Medium, Low, and the expert is asked to assign a score (0 to 10 scale) to the study object (weighted by importance). Next, the fuzzification process of the qualitative variable takes place. In summary, once the IVs and their linguistic terms are defined, they are input into the neurofuzzy inference system network, hierarchically created, using the IF-THEN rules, thus providing evidence to the degree of knowledge evaluation (DKE) through a final linguistic variable, which through a linguistic defuzzification process indicates the previous DDKE.
In summary, based on data collected in Phase 2 (identification and capture of the knowledge objects), to achieve this step, the top 15 knowledge classifications were selected to feed the input variables in this Phase and Step. For example (hypothetical), when the expert's opinion was solicited about which desired degree of technical knowledge the product development manager (technology-based company) should have, the answer was 7.0. Next, the fuzzification process (simulation) took place, assigning the linguistic terms: LOW, MEDIUM and HIGH levels of evaluation on a 1 to 10 scale. For score 7, considered LOW by 0% of the specialists, MEDIUM by 55% and HIGH by 45% (Table 2) . With the specialists' responses the degree of certainty of linguistic terms in each of the input variables was determined using the fuzzy sets. The generic fuzzy sets were defined for all the qualitative IVs, which always have three levels of linguistic terms: a lower, middle and higher level (Table 3) . 
Sub-step 2: Treatment of Intermediate Variables and Linguistic Terms
Once the IVs are defined, they undergo the fuzzification process and the inference block, hence producing the output variables (OV), called the intermediate variable (IVa), which then joins other IVs, forming a new set of IVs, therefore constituting a sequence until the last layer of the network. In the last layer, the definitive output variable (OV) of the Neurofuzzy Network is produced. This OV then undergoes the defuzzification process to obtain the final result.
The Table 4 shows the linguistic terms assigned to the intermediate variables. As a demonstration, Table 5 shows some linguistic vectors of the IVs and OVs, for the specialist. To enable the comparisons, the final output variable of the method, in other words, the linguistic vector of DKE must undergo the defuzzification process to be transformed into a real number, between 0 and 1. In defuzzification, the fuzzy system, when receiving an input, converts it into a fuzzy input, which is then submitted to the inference system (fuzzy rules) that returns a fuzzy output to this system. However, a numerical value in the output is desirable in many cases. "Defuzzification is not exactly the inverse process of fuzzification. Therefore, the fuzzy set, besides an X universe, is a set of orderly pairs represented by Equation 1 . 2) The method proposed suggests the Center of the Maximum (CM) technique in the treatment of OV, which is one of the most widely used defuzzification techniques to transform a linguistic result into a numeric value again, according to [26] , [27] , [28] , [29] . Most of the fuzzy logic systems use this step because the desired result often needs to be expressed in numerical form, rather than in the linguistic form. The DDKE value, which always belongs to the interval [0; 1], represents the experts' measure of preference intensity regarding the desired knowledge. For a DDKE equal to 1, the preference for knowledge is maximum, within the standards established in this method. On the other hand, for a DKE equal to 0, it means that this preference has no value in the expert's preference. In summary, the third and last stage of the fuzzy logic system, called defuzzification, translates the linguistic result of the fuzzy inference process into a numeric value [29] [26] , [27] , [28] , [29] . Usually, the Maximum Center method is used to determine an exact value for the Exit Variable linguistic vector. From this method, the certainty degree of the linguistic degrees is defined as "weights", associated to each of these values. The exact resolved value (RV) is determined by considering the weights in relation to the typical values (maximum values of the pertinence functions), in agreement with the definition of the Equation [29] .
Α={(μ Α (x),x)|x Є Χ} (1)
Whereⁿ ∑ DoC ¡ . Χ ¡ ¡=1
RV= ------------------------------------------_ (4) ⁿ ∑ DoC ¡ . Χ ¡ ¡=1
Where DoC represent the degrees of certainty of the linguistic terms of the final output variable and X indicates the typical values for the linguistic terms that correspond to the maximums of the fuzzy sets, which define the final output variable. As a demonstration (hypothetical), attributing hypothetical degrees (average), the calculation of DDKEj is expressed with the GdCi of following linguistic vector of the output variable DDKE, also hypothetical: LOW = 0.25, MEDIUM = 0.44, HIGH = 0.12. The score of the numeric DDKE in a 0 to 1 scale corresponds to 0.6428, the result of the arithmetic mean of the scores resulting from the defuzzification of each of the twenty simulated judges. This score corresponds to an average value of DDKE. The following are the procedures for determining the previous DRKE of the members involved in TDP.
Step 2: Determining the participants previous DRKE
The methodological procedures were applied to five (hypothetical sample) members who participated in the TDP. The average of the results produced was then calculated. To know the level of knowledge of that team, a test with sixty closed-ended questions was applied, according to the four knowledge categories necessary for managing the product development projects. Based on the evaluation of the results, an adjustment in a 1 to 5 scale was performed, where 1 represents the minimum importance score or the knowledge domain and 5 represents the maximum score. Then, the mean and standard deviation of all participants were calculated. The results are shown in Figure 3 . -M, Technical -T Combining the dimensions it can be stated that on average there is no predominance of one or another, with slight relevance to the market knowledge (M=3.64). And when analyzed internally, it was observed again that in the economic and financial group, there is a stronger preference for some knowledge objects (dp=1.13). In this perspective, regarding the values resulting from this preliminary analysis, at this stage the average size, the input variables for neurofuzzy modeling are considered, converging to DRKE. The result of this interaction for the actual knowledge produces the DRKE of the TDP team members on a scale of 1 to 10, which are the IV scores of the neurofuzzy system. The same procedures (architecture) were used in the DDKE calculation to achieve the DRKE.
For example (hypothetical), using the assigned degrees (average), we have the calculation of DAKEj with the GdCi of the following linguistic vector of the output variable DRKE, also an example: (LOW = 0.24, MEDIUM = 0.42, HIGH = 0.13). To find the numerical DRKE, there is the defuzzified score of the linguistic variable DRKE on a scale of 0 to 1. Thus, the DRKE shown corresponds to 0.5348. The three degrees of knowledge evaluation are compared (triangulation, -the previous degree of knowledge desired and degree of real knowledge versus post level of knowledge evaluation). This phase ends with the analysis and evaluation of the discrepancies between the degrees of knowledge and the proposed adjustments to model the strategies in the TDP innovation value chain. With the score results in this Phase, based on the specialized literature and the judges' intervention, the strategies (innovation value chain) are defined. The procedures are detailed in the next Phase.
Phase 4: Modeling the Network Strategies (innovation value chain)
In light of the results produced in the previous phase and based on the state of the art, a model is proposed to identify the strategies for the product development process in a high complexity spectrum (innovation value chain) according to the following phases: Phase (i) Analysis and evaluation of DDKE and GRKE, according to the intensity of their individual variations. Phase (ii) Survey of Strategies. The first phase will be through the experts' intervention and experience. However, the presence of Intelligent Agents as tools is recommended (in other applications) to facilitate understanding the environment and to perform information processing and knowledge tasks [30] , to perform autonomous actions and to cooperate through intelligent mechanisms in order to achieve the intended objectives [31] . For this case, the intervention of experts in the process is satisfactory, considering the not very high number of participants. As a preparatory stage towards the definition of TDP strategies, it is necessary to identify the results produced by the variation between the desired and real personal knowledge, previously defined in the TDP. That is, before starting the product development process. Next, with the results, the experts use a judgment matrix to attribute weights according to the intensity of their preferences to prioritize strategies for the variation of the desired and real personal knowledge (previously) in the TDP. The intervention of experts is crucial in this process. With the results produced by DRKE (individual) and DDKE, both before the TDP, a judgment matrix (nature of the strategies versus knowledge) is produced, which has the experts' interference in the process, assigning weights to strategies based on the intensity of the degrees of knowledge. In other words, the experts assign weights to strategies according to the gap Mean Standard Deviation complexity spectrum was created, according to the Knowledge Theory. How should the structure of a reference model based on the definition of standard strategies in high-complexity spectrum of TDP be? To verify the model, a set of connected and integrated multi-methods was developed and, to demonstrate its feasibility l, a case study of technology based companies in Brazil was developed trying to look, specifically, the development process of technologies of these companies. The central element of the model is the knowledge construction by the members of the multidisciplinary teams according to the products/technologies development process. This was possible by assessing the degree of knowledge evaluation of the actors in the multidisciplinary teams before and after the development of products/technologies. In other words, from the discrepancies found between the actors' real knowledge (existing) and desired knowledge (actors) to develop products/technologies a set of strategies was proposed to address such discrepancy between real and desired knowledge. Therefore, the construction of knowledge is developed in light of the strategies. This procedure was possible using a hybrid intelligent architecture that combines artificial neural networks and the fuzzy logic. This technology proved suitable to contribute to the robustness of the model and the results achieved. Also, It underscors the importance of the Neurofuzzy Technology acknowledged as an additional managing instrument at the hands of administrators, particularly for the matter at hand, which enabled to identify the Degree of Effectivity of Knowledge Priority Decision in the Innovation Value Chain. This requires a more attentive outlook to questions involving the external environment. Neurofuzzy technology has been applied to support the decision making process in problems that involve subjective and objective attributes. A Neurofuzzy model was structured and the result was designated Degree of Mode Effectiveness, representing the level of adequacy of the mode option to the manager's needs. The results obtained with the application of the proposed model show that this technology is adequate for supporting decision-making, mainly due to its low level of complexity and to its flexibility, which allows the input and output of variables.
Thus, the main objective proposed was to draw attention to the relevance and opportunity to refine efficiency and innovation in planning. Therefore, a reference model was designed for standard strategies in a highly complex spectrum/knowledge network to evaluate the different degrees of knowledge in TDP. With the models and international experiences, the best and worst practices enable to discuss this reference model in a plausible and feasible manner. Of course many questions remain to be further developed in other studies of this nature and we hope to have contributed to a plausible methodological discussion, but which can still be more explored. It is important to understand the TDP in the innovation value chain considering that the needs of the different strata of society are best served when handled collectively and collaboratively.
Considering the various dimensions, the results show that there is no considerable predominance of one or another degree of knowledge, but it is certain that this knowledge is on the agenda and should be marked out as a timely priority, in the context of systemic efforts in order to define and redefine new planning strategies over time. It is plausible that the construction of knowledge takes place over a continuous process and converges to the desired profile, which is constantly changing due to the acquisition of new knowledge. In this way, the policy of product development will be anchored in an instrumented planning in view of the actors of the multidisciplinary teams.
Taking into account the methodological procedures, in this field the technique imposed a sufficiently robust and logical/scientific planning standard. The sophistication of the methodological procedures favored different dimensions required to understand and interpret the rationale behind the technologies development process in the innovation value chain. The model is a valuable conceptual tool. There are many challenges that permeate TDP in the innovation value chain, particularly given the efficient and effective instruments, methods, techniques and methodologies that are useful in planning, and which are subject to the insulated inefficiency by rigid standards that stifle the essence of the innovative and flexible nature that should adapt to TDP. The literature has difficulty when addressing this subject, this planning stage is often devoid of effective and appropriate instruments. But it is also true that making use of "ready-made" has resulted in the managers of product development/technology to indefinitely postpone the process of reorganizing this segment.
The framework proposed requires the development of formal models to better describe and rationalize the evaluation of strategies, based on best practices in innovation, in which mathematical models are not sufficient to describe situations of complex applications. Experience and human intuition are important in decision processes that require high tolerance for ambiguity. Human experience and intuition are important in decision processes that require high tolerance for ambiguity. The proper use of complex decisions in TDP requires applying specifically designed methodologies that are in agreement with the particularities of each product development project. What is strongly assumed is the fact of recognizing the importance of subjectivity in the decision makers' judgment; their values, their objectives, their biases, their culture, their intuition, as well as the influence of the subjective perception and the understanding of the knowledge available. Here the modeling approach presented gains emphasis, the psychometric methods and artificial intelligence systems such as the fuzzy logic and neural networks, which when combined are valuable tools with great potential and large-scale added value, contributing to the robustness of the model.
It is also recognized that the use of only one method is often seen as a gross simplification, without adequately reflecting the study object. Then, with this proposal, a reliable, valid, legitimate instrument is sought, one that is capable of evaluating strategies in a high complexity spectrum, based on the intended objectives for each Phase, interpreted from the previous phases and towards the model's intended goal.
It is believed that the failed attempts of the traditional product development methods gain way to reinforce the importance of their role, taking a leap towards more innovative and risk-free models. This does not replace the absolute power control of the activities and actions and also does not disregard what has thus far worked, but rather encourages pragmatism to responsibly implement TDP. Moreover, the process of building an innovative product development opens a new attribute for the relationship between the actors of multidisciplinary teams in the innovation value chain in the technology development process. Considering the traditional practices, it should be noted that, somehow, with all its limitations, managers have tried, in their own way, to face the challenges in the product development/technology. It is also true that this is a general discourse on the development of a model, which may sound rhetorical and somewhat inappropriate for an analytical work.
The approach here is not intended to unconditionally replace the allegedly inefficient models, but rather to value them, enriching them with technical, procedural and managerial advantages. However, these results must be evaluated objectively, based on an advantage indicator of an innovative model given the traditional approaches. With regards to procedures, this proposal also aims to draw attention to: (i) renew the classical model to develop products with creative and sophisticated elements and procedures, which would replace the merely technocratic methods and traditional techniques; (ii) adopt decision support methods, as shown and demonstrated throughout this model, analysis and evaluation, which are better suited to deal with the complexity and subjectivity of the result impacts; (iii) a procedure, that is, a set of adjusted procedures, supported by instruments for legitimacy, validity and reliability of the proposal presented.
It is also clear that the list of priorities of the actors' knowledge in the multidisciplinary teams is dynamic, dependent on the existing knowledge and skills essential and desirable in TDP, which emerge during practice, always putting new concepts, new content and demanding new behaviors and technical implementations, which fundamentally requires the ongoing and recurrent reconfiguration that joins the list of new strategies in the knowledge network. Also in this effort, these research priorities of knowledge construction should be permanently and periodically applied. Finally, this study has a solid basis for the continuation of other studies, overcoming unscientific practices that still permeate this object, thus more pragmatic and effective guidelines to subsidize the development of new products in the long term.
Finally, it is important to reinforce that this methodological support does not intend to be complete, but rather as a generator of knowledge elements that are strategic for the development of products. Clearly, it does not intend to be a "straitjacket" methodology, but one that can make a contribution, even through freer paths, which makes the decision spectrum more intelligent, providing essential elements for the development of new products. Moreover, this study was applied to technology based companies in Brazil, and this may represent a limiting factor to this research. It should be considered that this instrument does use not always lead to practical results, since the situations require singularities, differentiating them from similar and apparently comparable situations. The social, cultural, economic, political, and especially technological situations are different. Moreover, these tools cannot be used to predict the future, at most the lessons can help find elements for future scenarios.
